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Two modeling techniques [artificial neural network-genetic algorithm (ANN-GA) and stepwise regression analysis] were used to predict the effect of medium macro-nutrients on in vitro performance of pear rootstocks (OHF and Pyrodwarf). The ANN-GA described associations between investigating eight macronutrients (NO[image: image], NH[image: image], Ca2+, K+, Mg2+, PO[image: image], SO[image: image], and Cl−) and explant growth parameters [proliferation rate (PR), shoot length (SL), shoot tip necrosis (STN), chlorosis (Chl), and vitrification (Vitri)]. ANN-GA revealed a substantially higher accuracy of prediction than for regression models. According to the ANN-GA results, among the input variables concentrations (mM), NH[image: image] (301.7), and NO[image: image], NH[image: image] (64), SO[image: image] (54.1), K+ (40.4), and NO[image: image] (35.1) in OHF and Ca2+ (23.7), NH[image: image] (10.7), NO[image: image] (9.1), NH[image: image] (317.6), and NH[image: image] (79.6) in Pyrodwarf had the highest values of VSR in data set, respectively, for PR, SL, STN, Chl, and Vitri. The ANN-GA showed that media containing (mM) 62.5 NO[image: image], 5.7 NH[image: image], 2.7 Ca2+, 31.5 K+, 3.3 Mg2+, 2.6 PO[image: image], 5.6 SO[image: image], and 3.5 Cl− could lead to optimal PR for OHF and optimal PR for Pyrodwarf may be obtained with media containing 25.6 NO[image: image], 13.1 NH[image: image], 5.5 Ca2+, 35.7 K+, 1.5 Mg2+, 2.1 PO[image: image], 3.6 SO[image: image], and 3 Cl−.
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INTRODUCTION

From the inception of plant tissue culture (leaf mesophyll and hair cells) by Austrian botanist Gottlieb Haberlandt (1902) in nutritive media, numerous researches have been done on the optimization of various culture media to provide explants favorite propagation conditions.

Study on the relationship between media nutrients and explant proliferation may result to design a more effective medium. Hence, statistical and mathematical tools such as linear regression, logistic regression, and mixed models are used. Artificial neural network (ANN) is an operative substitute used for trustworthy assessments of the biological systems. Neural network technology estimates different complex mathematical functions to process and infer various sets of irregular data. This technology simulates the structure of the human neuron network as it includes information processing and decision making abilities. They can recognize and model complex non-linear relationships between the input and output of a biological process owing to their high learning aptitude, (Hashimota, 1997; Nazmul Karim et al., 1997; Patnaik, 1999). There are three kinds of layers in ANN including input layer, one or more hidden layers, and output layer. The neurons are linked together with different connection strength. The connections are entitled synaptic weights, in which, all data on the network is encoded as those weights are actually the numbers that regulate the strength of the impulses coming to the neurons. The most critical characteristic of ANN, which specifies that computational method, is the process of training. Training of the networks is recognized with the variations of the values for all synaptic weights using a specific algorithm (Haykin, 1999). The most well-known learning algorithm is back-propagation procedure. In which, the error made because of inconsistencies between the system output (observed) and the expected outcome is propagated back to simplify readjustments of the weights allocated to the connections up to the network attains an appropriate generality (Dayhoff and DeLeo, 2001). Currently, the ANN has been used in many fields to model and anticipate the performances of systems, based on certain input–output data. Whereas, neural networks have presented considerable advances in the field of computer-generated adjustment of bioprocesses, their applications to complex in vitro plant culture systems are relatively new and limited only to a small number of cases (Prasad and Dutta Gupta, 2006). It is essential to optimize the factors influencing plant tissue culture systems. Acquired optimized models represent appropriate resolutions when trained with a set of special constraints. These constraints weights are saved in the connections so that feeding with independent variables causes the network predicts the relationship of variables which results in optimum solution (Prasad and Dutta Gupta, 2006).

In this study, we demonstrated a use of statistical method of experimental design, Taguchi method, in inspecting the optimum macronutrientś concentrations for explant proliferation and ANN to evaluate the effect and importance of several essential mineral elements' concentration on explant proliferation to: (1) develop an ANN-based model to answer questions relating to the appropriate macronutrient concentrations for achieving the most suitable results for the parameters studied, (2) apply the developed ANN-model to evaluate the relative importance of the studied ions, on proliferation, and (3) optimize ANN-model to find the optimum values of input variable for maximizing PR. This could be used to carry out proper culture media optimization studies, in this case, for these Pyrus rootstocks' micro-propagation.

The genetic algorithm (GA) is an optimization technique based on the biological principles of genetic variation and natural selection. It evolves finding the best solution for a specific problem. So, our main research objective was to analyze the ANN-GA models to address the question of how to get maximum PR, SL, and minimum STN, Chl, and Vitri (Figure 1).
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FIGURE 1. Schematic describing the relationship between ANN and GA.



Besides, ANN-GA can also be used in relation to other techniques such as stepwise regression modeling to achieve accurate results. To evaluate an appropriate model for nutrient medium both stepwise regression analysis and ANN-GA models were studied on a comparative base.

MATERIALS AND METHODS

Plant Material and In vitro Culture Conditions

The experiments were carried out using micro-shoots of Pyrodwarf (“Old Home” × “Gute Luise”) and OHF (“Old Home” × “Farmingdel”) rootstocks from in vitro cultures. Briefly, micro-shoots were proliferated in MS (Murashige and Skoog, 1962) medium containing 2.5 mg/l BAP (6-benzylaminopurine), 0.2 mg/l IBA (indole-3-butric acid), 30 g/l sucrose, and 8 g/l agar (DuchefaH). Media pH was set to 5.7 and was placed into in 250- ml glass bottles with autoclave-resistant plastic caps (5.5 cm in diameter, 8 cm in height) prior autoclaving (121°C, 1 kg cm−2 s−1 for 15 min). The cultures were maintained under a 16 h-photoperiod at 80 μmol m−2 s−1 with a 16- h photoperiod of fluorescent bulbs light and at temperatures of 25 ± 2°C. For pyrodwarf rootstock, each treatment in each set of experiments consisted of 15 replicates and for OHF rootstock it consisted of 10 replicates. Each replication consisted of five jam jars of four explants each.

Stepwise Regression Procedure

Regression analysis is one of the most common procedures for predictive modeling. A multiple regression model with more than one explanatory variable may be written as y = b0 + b1x1 + b2x2 +…+ bpxp, where y is the output variable, bi the regression parameters (i = 0,1,2,…,p), xi the input variables (i = 1,2,…,p). When regression coefficients are obtained, a prediction equation can then be used to predict the value of a continuous output as a linear function of one or more independent inputs. The popularity of the regression models may be attributed to the interpretability of model parameters and ease of use. In our application to the prediction of culture medium macro-nutrients composition, stepwise regression models are used, with both the entry and stay points for the models set to 0.05.

The stepwise regression analysis was carried out for the data obtained to test significance of the independent variables of KNO3, NH4NO3, CaCl2, MgSO4, and KH2PO4 affecting proliferation rate (PR; number of new regenerated micro-shoots), shoot length (SL; length of new regenerated micro-shoots in cm), shoot tip necrosis (STN) percentage, chlorosis (Chl) percentage, and vitrification (Vitri) percentage of pear rootstock explants as dependent variables.

Optimization of Explant Growth Parameters Via Taguchi Method

Taguchi design is a powerful and efficient tool for optimizing process that functions consistently and optimally over various conditions. Taguchi designs (orthogonal arrays) allow analyzing many factors with few runs. In such a design, no factor is weighted more or less in an experiment and thus allowing factors to be analyzed independently over each other. There are some noise factors which cause deviation of the functional characteristics of a product from their target values (e.g., human errors).

According to Taguchi's OA, a standard orthogonal array L27 (35) 27 experiments with 26° of freedom were used to evaluate the effect of five factors (KNO3, NH4NO3, CaCl2, MgSO4, and KH2PO4) on SL, PR, Vitri, Chl, and STN. To all experiments, the three levels of factor variations were 1.25, 1.75, and 2.25 × MS medium concentrations and the designing of the L27 orthogonal array of Taguchi experimental design was illustrated as in Tables 1, 2. Each mineral concentration treatment consisted of at least 15 replicates of three explants each.

Table 1. Ion concentrations of the various media types used for OHF and pyrodwarf rootstocks micropropagation and mean values of the parameters used to characterize it.
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Table 2. Levels of variables according to Taguchi—L27 orthogonal array.
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Artificial Neural Network Model Development, Evaluation, and Optimization

Here, we used one of the most famous network algorithms, i.e., the feed forward back-propagation (three-layer back-propagation network) consisted of input, output, and hidden layers and considered in making the ANN model (Demuth et al., 2006). The transfer functions used for the hidden and output layers were hyperbolic tangent sigmoid (tansig) and linear (purelin) functions, respectively. For training the network, a Levenberg-Marquardt algorithm for back-propagation with a gradient descent and momentum weight and bias learning function was used (Demuth et al., 2006). Used performance function was MS error with 0.01 level and training was terminated after 800 epochs or iterations of the network. Four input variables of KNO3, NH4NO3, CaCl2, MgSO4, and KH2PO4 with different levels were used as units in the input layer of the ANN model. Five models were developed separately for SL, PR and Vitri, Chl, and STN. 600 and 450 data lines were used to train and test the network. Before training, the data set (input and output data) was normalized in the range of −1 to 1 so as to make simpler the problem for the network, to attain fast conjunction minimum mean square error, and to make sure that the fall of targets (output data) into the particular range of the new feed forward network can be recreated (Demuth et al., 2006; Gulati et al., 2010; Ahmadi and Golian, 2011).

The fitness of the ANN-model was evaluated using R2, MSerror, and MBE (Ahmadi et al., 2007). In order to determine the optimal values of input variables (KNO3, NH4NO3, CaCl2, MgSO4, and KH2PO4requirements) and maximize SL and PR and minimize Vitri, Chl, and STN, the raised ANN models were exposed to a further process using GA, after the training practice. Thus, the ANN models were used as the fitness function for GA. A roulette wheel selection method was used for selecting elite populations for crossover. Initial population of 50, generation number of 500, mutation rate of 0.1, and crossover rate of 0.85 has been set to achieve the best fitness (Haupt and Haupt, 1998; The MathWorks., 2009). The generational practice was frequently performed to reach the number of generations. Through performing GA, the search for the optimal solutions was restricted between the input variable limits determined in the Taguchi design (Table 2). To recognize which input variable is more important in the model, the constructed ANN models were subjected to the process of the sensitivity analysis. This analysis shows which KNO3, NH4NO3, CaCl2, MgSO4, and KH2PO4 concentration is more important than the other to reach optimal SL, PR, Vitri, Chl, and STN of pear rootstock explants.

The sensitivity of SL, PR, Vitri, Chl, and STN against the investigating media nutrients was determined using the criteria (Lou and Nakai, 2001; Ahmadi and Golian, 2010a,b) as follows:

• The variable sensitivity error (VSE) value: which indicates the performance of the developed ANN model if that variable is unavailable,

• The value of variable sensitivity ratio (VSR): indicates the relative ratio between the VSE and the error of ANN model when all variables are available. A more important variable has a higher VSR value. Thus, based on the obtained VSR value, the input variables may be ranked in the order of importance.

Matlab R2010a (Matlab., 2010) software was used to write mathematical code to develop and evaluate the ANN-GA model. In point of fact, the developed program is a modified source code of an ANN algorithm which was formerly used by Ahmadi and Golian (2011).

RESULTS AND DISCUSSION

The growth of in vitro plant tissues can be controlled by altering the culture media nutrients. Optimization of the media mineral contents is very laborious and time-consuming, and therefore predicting the favorable composition of the growth media and the culture conditions is very useful in order to achieve maximum productivity.

Stepwise Regression Analysis

The stepwise selection method described here was used to evaluate the contributions of five minerals of culture media in the growth of in vitro pear rootstocks explants. These data were not previously analyzed by researchers in this area.

OHF Rootstock

The stepwise regression model results are given in Table 3 (number of observations = 600). NH[image: image], Mg2+, and SO[image: image] are important macro-nutrients influencing the Proliferation and NO[image: image], NH[image: image], Ca2+, K+, Mg2+, PO[image: image], and SO[image: image] are important macro-nutrients for obtaining optimum SL. On the other hand, NO[image: image], K+, Mg2+, SO[image: image], and Cl− are important factors affecting STN, NO[image: image], NH[image: image], Ca2+, K+, Mg2+, PO[image: image], SO[image: image], and Cl− are important macro-nutrients influencing Chl and NO[image: image], Mg2+, PO[image: image], SO[image: image], and Cl− are important for explant Vitri phenomenon. As it is evident, Cl− is the only macro-nutrient that just plays role in features which decrease the quality of the obtained plantlet. So, Cl− plays a critical role in the culture medium and its appropriate amount should be further searched.

Table 3. Stepwise regression model of optimized nutrient media for different measured in vitro factors of OHF pear rootstock.
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Pyrodwarf Rootstock

The stepwise regression model results are given in Table 4 (number of observations = 450). NH[image: image], Ca2+, K+, PO[image: image], and Cl−, are found to be important factors influencing proliferation and NO[image: image], NH[image: image], Mg2+, and Cl− are important for SL. NO[image: image], NH[image: image], Ca2+, K+, Mg2+, PO[image: image], and Cl−; NO[image: image], Mg2+, SO[image: image] and Cl−; and NO[image: image], Mg2+, SO[image: image], and Cl− are important in the occurrence of STN, Chl, and Vitri phenomenon, respectively. Now, SO[image: image] is the macro-nutrient that plays role in features of STN, Chl, and Vitri of plantlets. So here, SO[image: image] plays a critical role in the culture medium and its appropriate amount should be further searched.

Table 4. Stepwise regression model of optimized nutrient media for different measured in vitro factors of Pyrodwarf pear rootstock.
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Artificial Neural Network Analysis

Neural network software recently has been successfully applied for finding the optimal plant culture conditions (Zielinska and Kepczynska, 2013). ANNs are progressively applied in elucidation and analysis of the data in plant tissue culture experiments. Gago et al. (2010) developed a neural model to analyze the effect of two variables of sucrose and light on the proliferation of kiwifruit micro-shoots (Actinidia deliciosa). Nezami Alanagh et al. (2014) suggested that the macronutrients content of the culture media cause differences in GF677 explant growth. So, we used the optimal architecture of the multi-layer perceptron neural network to model the effect of the ion concentrations on the growth parameters of Pyrus rootstocks.

The predicted values and the optimization of explant growth parameters by the ANN-model are shown in Table 5. The comparison of observed and predicted outputs describes the behavior of the ANN-model from investigating inputs. The results revealed good agreements between the observed and the predicted values of explant growth parameters for training and testing sets (Table 6). The calculated statistics on the ANN-models are in close agreement to the two subsets in prediction of each output (statistics for both training and testing sets in Table 5). A well-trained ANN-model has a balance statistics values for these two subsets. This may suggest that over fitting has not occurred during the training process (Ahmadi and Golian, 2010b). The main advantage of ANN-model is that it does not require a prior specification of suitable fitting function thus; it has a universal approximation ability to approximate almost all kinds of non-linear functions. This flexibility feature may help the modeler to make a model with almost highest possible prediction accuracy.

Table 5. Optimization analysis on artificial neural network (ANN) model to reach maximum PR and SL and minimum STN, Chl, and Vitri in OHF and Pyrodwarf pear rootstocks.
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Table 6. Statistics and information on artificial neural network models for number of shoots, SL, STN, Chl, and quality index of OHF and pyrodwarf rootstock during in vitro proliferation (training vs. testing values).
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Sensitivity Analysis of the Models

To determine the relative importance of input variables, the entire 27 data lines (training and testing) utilized to calculate the overall VSR for each plant growth parameter. The obtained VSR for the model output variables with respect to eight input variable are shown in Tables 7, 8.

Table 7. Importance of ion concentrations (mM) of the different culture media used for Pyrodwarf rootstock micro-propagation according to the sensitivity analysis on the developed neural network model to rank the importance of ion concentrations.
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Table 8. Importance of ion concentrations (mM) of the different culture media used for OHF rootstock micropropagation according to the sensitivity analysis on the developed neural network model to rank the importance of ion concentrations.
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A more important input variable has a higher VSR value. Thus, the investigating inputs can be ranked according to their importance of effect on outputs using VSR values (Tables 7, 8). Among the input variables, NH[image: image] (301.7) and NO[image: image], NH[image: image] (64), SO[image: image] (54.1), K+ (40.4), and NO[image: image] (35.1) in OHF and Ca2+ (23.7), NH[image: image] (10.7), NO[image: image] (9.1), NH[image: image] (317.6), and NH[image: image] (79.6) in Pyrodwarf had the highest values of VSR in data set, respectively, for PR, SL, STN, Chl, and Vitri. According to the obtained VSR values, SL was more sensitive to NO[image: image] (64) and NH[image: image] (64) followed by K+ (32.5), Ca2+ (28.4), Mg2+ (17.8), Cl− (14.6), SO[image: image] (10.2), and PO[image: image] (2.7) in OHF and NH[image: image] (10.7) followed by Mg2+ (7.9), Ca2+ (7.7), NO[image: image] (7.1), Cl− (6), SO[image: image] (5.9), PO[image: image] (4), and K+ (3.5) in Pyrodwarf.

Model Optimization

The optimization analysis on the ANN model to maximize PR exhibited that media containing 62.5 mM NO[image: image], 5.7 mM NH[image: image], 2.7 mM Ca2+, 31.5 mM K+, 3.3 mM Mg2+, 2.6 mM PO[image: image], 5.6 mM SO[image: image], and 3.5 mM Cl could lead to optimal PR for OHF and optimal PR for Pyrodwarf may be obtained with media containing containing 25.6 mM NO[image: image], 13.1 mM NH[image: image], 5.5 mM Ca2+, 35.7 mM K+, 1.5/, mM Mg2+, 2.1 mM PO[image: image], 3.6 mM SO[image: image], and 3 mM Cl−. The optimal point for SL may be acquired with media containing 88.1 mM NO[image: image], 42.8 mM NH[image: image], 6.3 mM Ca2+, 40 mM K+, 2.3 mM Mg2+, 2.2 mM PO[image: image], 4.6 mM SO[image: image], and 4.9 mM Cl− for OHF rootstock and 86.5 mM NO[image: image], 37.5 mM NH[image: image], 4.2 mM Ca2+, 25.9 mM K+, 3.2 mM Mg2+, 2.7 mM PO[image: image], 1.2 mM SO[image: image], and 5.2 mM Cl− for Pyrodwarf rootstock. Results of our investigations showed that media including 13.2 mM NO[image: image], 12.3 mM NH[image: image], 5.5 mM Ca2+, 22.8 mM K+, 2.4 mM Mg2+, 1.6 mM PO[image: image], 1.3 mM SO[image: image], and 2.5 mM Cl− required for minimum STN in OHF and 20.9 mM NO[image: image], 22 mM NH[image: image], 3.5 mM Ca2+, 28.1 mM K+, 2.1 mM Mg2+, 1.3 mM PO[image: image], 2.7 mM SO[image: image], and 6.1 mM Cl− in Pyrodwarf. In OHF rootstock, media with 54.4 mM NO[image: image], 16.8 mM NH[image: image], 5.3 mM Ca2+, 12.3 mM K+, 2 mM Mg2+, 2.1 mM PO[image: image], 3.3 mM SO[image: image], and 1.8 mM Cl− could lead to the optimal point for Chl, whereas in Pyrodwarf rootstock the optimal point for Chl could be achieved with media supplemented with 54.8 mM NO[image: image], 14.7 mM NH[image: image], 2.5 mM Ca2+, 45.1 mM K+, 0.7 mM Mg2+, 2.8 mM PO[image: image], 0.9 mM SO[image: image], and 6.7 mM Cl−. Finally, The optimization results of ANN-GA models revealed that media containing 48.9 mM NO[image: image], 33.9 mM NH[image: image], 4.8 mM Ca2+, 9.4 mM K+, 2.1 mM Mg2+, 2.1 mM PO[image: image], 7.1 mM SO[image: image], and 4.9 mM Cl− in OHF and 24.5 mM NO[image: image], 6.6 mM NH[image: image], 6.1 mM Ca2+, 18.8 mM K+, 2.3 mM Mg2+, 1.8 mM PO[image: image], 4.1 mM SO[image: image], and 1.2 mM Cl− in Pyrodwarf could lead to optimal Vitri. Gago et al. (2010) developed a neural model to analyze the effect of two variables: sucrose and light on the proliferation of kiwi fruit microshoots (Actinidia deliciosa). Nezami Alanagh et al. (2014) found that the macronutrients content seems to be responsible for the observed differences in GF677 explant growth. So we used the optimal architecture of the multi-layer perceptron neural network to model the effect of the ion concentrations on the growth parameters of Pyrus rootstocks that was suggested by “intelligent problem solver” was found with eight inputs, five outputs (with linear activation function), and 10 hidden neurons (with hyperbolic tangent activation function). A training algorithm of Quasi–Newton was used to train the network (Lou and Nakai, 2001). The optimization of the architecture by the intelligent problem solver was performed on the basis of the “balance error against diversity” option. This option tries to produce a structure with a balance performance value against type and diversity. It will preserve networks with a range of types and performance/ complexity trade-offs. This may led to obtain an optimized ANN-model with less complexity and more accuracy (Tahmoorespur and Ahmadi, 2012). The ANN-model was successfully used to describe associations between investigating 8 macronutrients and explant growth parameters. The sensitivity analysis on the ANN-model indicated that NH[image: image] and NO[image: image] in OHF and Ca2+ and NH[image: image] in Pyrodwarf are the most important variables respectively in the PR and SL. SO[image: image], K+ and NO[image: image] in OHF and NO[image: image], NH[image: image], and again NH[image: image] in Pyrodwarf are the most important variables respectively in STN, Chl, and Vitri. Our results indicated that there are differences in explant responses to macronutrient concentrations in different pear rootstock genotypes. Improved explant growth in OHF required increased NH[image: image] in combination with low SO[image: image] and K+. NO[image: image] is critical for OHF since despite increasing its concentration can improve SL but it causes Vitri disorder if it increases more than a critical point (Table 5). High Ca2+ and low NO[image: image] are required for improved explant growth in Pyrodwarf but now, NH[image: image] concentration is critical which increasing can cause explant Chl and Vitri. So, it can be suggested that the use of ANN-base model analyses allows us to realize the best macronutrient concentrations required to maximize the explant growth parameters like PR and SL and minimize the explant physiological disorders like STN, Chl, and Vitri which were investigated in the present study.

Comparison of ANN-GA and Stepwise Regression Models

For output variables (PR, SL, STN, Chl, and Vitri) the calculated statistical values corresponding to the ANN-GA revealed a substantially higher accuracy of prediction than for regression models (as calculated R2 for ANN-GA vs. regression models were: PR = 0.94 vs. 0.39, SL = 0.85 vs. 0.44, STN = 0.97 vs. 0.67, Chl = 0.94 vs. 0.72, Vitri = 0.96 vs. 0.54 for OHF, and PR = 0.95 vs. 0.56, SL = 0.85 vs. 0.46, STN = 0.96 vs. 0.89, Chl = 0.92 vs. 0.17, Vitri = 0.96 vs. 0.77 for Pyrodwarf). According to the ANN-GA results, among the input variables, NH[image: image] (301.7) and NO[image: image], NH[image: image] (64), SO[image: image] (54.1), K+ (40.4), and NO[image: image] (35.1) in OHF and Ca2+ (23.7), NH[image: image] (10.7), NO[image: image] (9.1), NH[image: image] (317.6), and NH[image: image] (79.6) in Pyrodwarf have the highest values of VSR in data set, respectively, for PR, SL, STN, Chl, and Vitri. The ANN-GA showed that media containing 62.5 NO[image: image], 5.7 NH[image: image], 2.7 Ca, 31.5 K+, 3.3 Mg2+, 2.6 PO[image: image], 5.6 SO[image: image], and 3.5 Cl− could lead to optimal PR for OHF and optimal PR for Pyrodwarf may be obtained with media containing containing 25.6 NO[image: image], 13.1 NH[image: image], 5.5 Ca2+, 35.7 K+, 1.5 Mg2+, 2.1 PO[image: image], 3.6 SO[image: image], and 3 Cl−.

In order to develop an optimized protocol, it is important to use a reliable modeling system to reach optimal growth and productivity. There is much statistical software for optimizing the growth medium for in vitro plant culture (Gago et al., 2010; Gallego et al., 2011). Response surface method (RSM) is one of the software that has been repeatedly used to optimize growth medium for in vitro culture of pear genotypes (Reed et al., 2013a,b; Wada et al., 2013, 2015). Previous studies detected that ANN-GA models had a substantially higher accuracy of prediction than RSM models (Sedghi et al., 2012). Moghri et al. (2015) indicated that RSM alone is not trustworthy for approximation of non-polynomial or non-linear variables.

Additionally, it has been shown that GA is easy, precise and efficient method (Moghri et al., 2015), which can be helpful for establishing an optimized culture medium. Neural models have been developed for modeling the effect of different culture conditions of plant tissue culture on explant growth such as sucrose and light (Gago et al., 2010) and macro-nutrients content (Nezami Alanagh et al., 2014). Several investigations have revealed that high concentrations of plant growth regulators (PGRs) cause somatic variations (Karp, 1992; Martin et al., 2006). Additionally, some authors have reported that PGRs (especially cytokinins) can cause STN in several woody plant species (Kataeva et al., 1991; Piagnani et al., 1996). The effectiveness of the media optimization for the reduction of essential PGRs was investigated in several studies (Preece, 1995).

Optimal nutrient media is required for appropriate explant growth. N is considered of the critical nutrients for explant growth which is mainly supplied as nitrate or ammonium in the culture media (Engelsberger and Schulze, 2012). The type and amount of supplied N may be genotype dependent. Clearly, nitrate is the suitable kind of supplied N for most plant species, and it is the accessible form of N in most in vitro media (Sathyanarayana and Blake, 1994; Ivanova and Van Staden, 2009; Nezami Alanagh et al., 2014). The optimization analysis on the ANN model showed that NO[image: image] is important for OHF explant growth since regardless of increasing its concentration it can improve growth parameters (Reed et al., 2013a,b). This indicates that NO[image: image] is needed in amounts higher than its content in MS medium for the best growth of OHF explant. Similarly, some investigations showed that high amounts of NO[image: image] are required for improving shoot multiplication and length (Shirdel et al., 2011; Hand et al., 2014). Also, Bell et al. (2009) and Mamaghani et al. (2010) both reported that low N content in culture media caused some physiological disorders in several pears. On the contrary, low NO[image: image] improves some growth factors in Pyrodwarf but pear genotypes react differentially in this regard (Wada et al., 2015). In both studied rootstocks, increase in NO[image: image] more than a critical range will cause STN disorder (Tables 7, 8). This finding corresponds to those studies which suggested that reducing salts concentrations by changing culture medium from MS to WPM or half-strength MS (1/2MS), decreased STN (Grigoriadou et al., 2000; Bairu et al., 2009; Jain et al., 2009). Conversely, Reed et al. (2013a,b) noted that high amounts of N compounds improved STN in some pear species.

The sensitivity analysis on the ANN-GA model revealed that NH[image: image] is a key nutrient in the propagation of pear genotypes. Results showed that shooting is sensitive to high NH[image: image] concentrations. High NH[image: image] concentrations significantly diminished the mean number of shoot per explant. This may be due to the significant inhibitory effects of NH[image: image] on other ionś uptake (Gerendás et al., 1997; Lorenzo et al., 2000). Moreover, some investigations suggested that high amounts of NH[image: image] adversely effect on plant metabolism causing to physiological and morphological disorders. Previously, negative effect of high NH[image: image] on shoot elongation has been reported in few studies (Gamborg and Shyluk, 1970). Conversely, in our study, the high NH[image: image] was not associated with shoot length reduction. It has been proved that high concentrations of NH[image: image] induce Vitri in some plant species (Ivanova and Van Staden, 2008; Gago et al., 2011; Reed et al., 2013a,b). This may be due to the fact that high amount of NH[image: image] induces ethylene production in the culture media (George, 1993). (Gaspar, 1991) concluded that increasing the ethylene owing to raising the concentration of NH[image: image] could prompt a series of events leading to Vitri. It has been believed that the toxic effects of high NH[image: image] concentrations increase the activity of glutamate dehydrogenase which in turn, cause a shift in carbohydrate pool from lignin synthesis to amino acid synthesis (Beauchesne, 1981), leading to Vitri (Letouzé and Daguin, 1983; Brand, 1993). The opposite response was found for Pyrodwarf as several investigations reported no Vitri on shoots grown on high levels of NH[image: image] in culture media (Nezami Alanagh et al., 2014; Wada et al., 2015). Our results showed that high concentrations of NH[image: image] and amounts of Cl− and K+ in the culture medium were the most important factors influencing explant Chl of studied pear rootstocks. This conclusion is in agreement with Perez-Tornero et al. (2001) who found that Chl could be the result of high NH[image: image] concentrations. From these results, it is confirmed that NH[image: image] concentrations has a strong effect on micro-propagation of pear rootstocks.

Ca2+ is a relatively large essential cation for cation-anion balance in plant tissues (Martin et al., 2007). Shacklock et al. (1992) and Hepler (2005) both concluded that Ca2+ has a significant role on physiological and developmental processes. It is clearly evident that Ca2+ is a key element in the structure and physiological properties of cell membranes (Sha et al., 1985; Hirschi, 2004). Also, it plays an important role in the synthesis and activity of several crucial enzymes (George, 1993). Studies on some plants showed that Ca2+ is an essential factor for protocorm formation (Mitra et al., 1976), adventitious bud formation (Tanimoto and Harada, 1986), increase the mean number of somatic embryos (Jansen et al., 1990), somatic embryogenesis (Timmers et al., 1996), formation of meristemoids (Capitani and Altamura, 2004), and facilitated the uptake of some nutrients (Aranda-Peres et al., 2009). These facts show that why Ca2+ is critical for improving some disorders in plants (Singha et al., 1990) and is necessary for plant growth and development. In agreement with our findings, in several studies have been demonstrated that high Ca2+ concentrations ameliorate the STN disorder (Wang and van Staden, 2001; Chang and Miller, 2005; Martin et al., 2007; Bairu et al., 2009). Similar to the findings of those results, ANN-GA models revealed that high concentrations of Ca2+ are required for optimum growth and development of pear genotypes (Tables 7, 8). Nevertheless, this is not often true so that some studies have reported that high concentrations of Ca2+ increase the STN percentage in some pear genotypes (Grigoriadou et al., 2000; Thakur and Kanwara, 2011).

It is evident that ANN-GA models clearly illustrate the independent role of K+ in micro-propagation of pear rootstocks (Tables 7, 8). The results show that high concentrations of K+ is necessary for increasing shoot multiplication, shoot elongation and relieving the STN disorder in both studied rootstocks. It might be due to the important function of K+ in protein synthesis and maintenance of sufficient turgor for growth (Leigh and Wyn Jones, 1984). Our results are contradictory with Ramage and Williams (2002) who noted that low levels of K+ are required for plant growth and differentiation. Also, the present results showed that high K+ concentration lead to explant Vitri in both rootstocks. In opposition, Pasqualetto et al. (1988) showed that Vitri increased with low levels of K+.

CONCLUSION

The ANN-model was successfully used to describe associations between investigating eight macro-nutrients and explant growth parameters. The sensitivity analysis on the ANN-model indicated that NH[image: image] and NO[image: image] in OHF and Ca2+ and NH[image: image] in Pyrodwarf are the most important variables respectively in the PR and SL. SO[image: image], K+ and NO[image: image] in OHF and NO[image: image], NH[image: image] and again NH[image: image] in Pyrodwarf are the most important variables respectively in STN, Chl, and Vitri. Our results indicated that there are differences in explant responses to macronutrient concentrations in different pear rootstock genotypes. High Ca2+ and low NO[image: image] are required for improved explant growth in Pyrodwarf but now, NH[image: image] concentration is critical which increasing can cause explant Chl and Vitri. Improved explant growth in OHF required increased NH[image: image] in combination with low SO[image: image] and K+. NO[image: image] is critical for OHF since despite increasing its concentration can improve SL but it causes Vitri disorder if it increases more than a critical range. So, it can be suggested that the use of ANN-base model analyses allows us to realize the best macronutrient concentrations required to maximize the explant growth parameters like PR and SL and minimize the explant physiological disorders like STN, Chl, and Vitri which were investigated in the present study.

AUTHOR CONTRIBUTIONS

All authors listed, have made substantial, direct and intellectual contribution to the work, and approved it for publication.

REFERENCES

 Ahmadi, H., and Golian, A. (2010a). Growth analysis of chickens fed diets varying in the percentage of metabolizable energy provided by protein, fat, and carbohydrate through artificial neural network. Poult. Sci. 89, 173–179. doi: 10.3382/ps.2009-00125

 Ahmadi, H., and Golian, A. (2010b). The integration of broiler chicken threonine responses data into neural network models. Poult. Sci. 89, 2535–2541. doi: 10.3382/ps.2010-00884

 Ahmadi, H., and Golian, A. (2011). Response surface and neural network models for performance of broiler chicks fed diets varying in digestible protein and critical amino acids from 11 to 17 days of age. Poult. Sci. 90, 2085–2096. doi: 10.3382/ps.2011-01367

 Ahmadi, H., Mottaghitalab, M., and Nariman-Zadeh, N. (2007). Group method of data handling-type neural network prediction of broiler perfor- mance based on dietary metabolizable energy, methionine, and lysine. J. Appl. Poult. Res. 16, 494–501. doi: 10.3382/japr.2006-00074

 Aranda-Peres, A. N., Martinelli, A. P., Pereira-Peres, L. E., and Higashi, E. N. (2009). Adjustment of mineral elements in the culture medium for the micropropagation of three Vriesea bromeliads from the Brazilian Atlantic Forest: the importance of calcium. HortScience 44, 106–112.

 Bairu, M. W., Stirk, W. A., and Van Staden, J. (2009). Factors contributing to in vitro shoot-tip necrosis and their physiological interactions. Plant Cell Tissue Organ Cult. 98, 239–248. doi: 10.1007/s11240-009-9560-8

 Beauchesne, G. (1981). Les milieux utilises en culture in vitro et leur incidence sur l'apparition de boutures d'aspect pathologique. C. R. Acad. Agric. Pris. 67, 69–74.

 Bell, R. L., Srinivasan, C., and Lomberk, D. (2009). Effect of nutrient media on axillary shoot proliferation and preconditioning for adventitious shoot regeneration of pears. In Vitro Cell Dev Biol. Plant. 45, 708–714. doi: 10.1007/s11627-009-9196-8

 Brand, M. H. (1993). Agar and ammonium nitrate influence hyperhydricity, tissue nitrate and total nitrogen content of serviceberry (Amelanchier arborea) shoots in vitro. Plant Cell Tissue Organ Cult. 35, 203–209. doi: 10.1007/BF00037271

 Capitani, F., and Altamura, M. M. (2004). Exogenous calcium enhances the formation of vegetative buds, flowers and roots in tobacco pith explants cultured in the absence of exogenous hormones. Plant Cell Tissue Organ Cult. 77, 1–10. doi: 10.1023/B:TICU.0000016608.08095.0f

 Chang, Y.-C., and Miller, W. B. (2005). The development of upper leaf necrosis in Lilium ‘Star Gazer’. J. Am. Soc. Hortic. Sci. 130, 759–766.

 Dayhoff, J. E., and DeLeo, J. M. (2001). Artificial neural networks—opening the black box. Cancer 91, 1615–1635.

 Demuth, H., Beale, M., and Hagan, M. (2006). Neural Network Toolbox User's Guide. Version 5. Natick, MA: The MathWorks Inc.

 Engelsberger, W. R., and Schulze, W. X. (2012). Nitrate and ammonium lead to distinct global dynamic phosphorylation patterns when resupplied to nitrogen starved Arabidopsis seedlings. Plant J. 69, 978–995. doi: 10.1111/j.1365-313X.2011.04848.x

 Gago, J., Martinez-Núńez, L., Landin, M., and Gallego, P. P. (2010). Artificial neural networks as an alternative to the traditional statistical methodology in plant research. J. Plant Physiol. 167, 23–27. doi: 10.1016/j.jplph.2009.07.007

 Gago, J., Perez-Tornero, O., Landin, M., Burgos, L., and Gallego, P. P. (2011). Improving knowledge of plant tissue culture and media formulation by neurofuzzy logic: a practical case of data mining using apricot databases. J. Plant Physiol. 168, 1858–1865. doi: 10.1016/j.jplph.2011.04.008

 Gallego, P. P., Gago, J., and Landin, M. (2011). “Artificial neural networks technology to model and predict plant biology process,” in Artificial Neural Networks—Methodological and Biomedical Applications, ed K. Suzuki (Croatia: Intech Open Access Publisher), 197–216.

 Gamborg, O. L., and Shyluk, J. P. (1970). The culture of plant cells with ammonium salt as the sole nitrogen source. Plant Physiol. 45, 598–600. doi: 10.1104/pp.45.5.598

 Gaspar, T. (1991). “Vitrification in micropropagation,” in Biotechnology in Agriculture and Forestry, Vol. 17, High-tech and micropropagation I, ed Y. P. S. Bajaj (Berlin: Springer), 116–126.

 George, E. F. (1993). Plant Propagation by Tissue Culture. Part 1: The Technology, 2nd Edn. England: Exegetics Ltd, 654–670.

 Gerendás, J., Zhu, Z., Bendixen, R., Ratcliffe, RG., and Sattelmacher, B. (1997). Physiological and biochemical processes related to ammonium toxicity in higher plants. Z. Pflanzenernähr. Bodenkunde. 160, 239–251. doi: 10.1002/jpln.19971600218

 Grigoriadou, K., Leventakis, N., and Vasilakakis, M. (2000). Effects of various culture conditions on proliferation and shoot tip necrosis in the pear cultivars ‘Williams’ and ‘Highland’ grown in vitro. Acta Hortic. 520, 03–108.

 Gulati, T., Chakrabarti, M., Sing, A., Duvuuri, M., and Banerjee, R. (2010). Comparative study of response surface methodology, artificial neural network and genetic algorithms for optimization of soybean hydration. Food Technol. Biotechnol. 48, 11–18.

 Haberlandt, G. (1902). Kulturversuche mit isolierten Pflanzenzellen. Sitzungsber K Preuss Akad Wiss Wien. Math. Naturwiss. 111, 69–92.

 Hand, C. H., Maki, S. H., and Reed, B. M. (2014). Modeling optimal mineral nutrition for hazelnut micropropagation. Plant Cell Tiss Organ Cult. 119, 411–425. doi: 10.1007/s11240-014-0544-y

 Hashimota, Y. (1997). Applications of artificial neural networks and genetic algorithms to agricultural systems. Comput. Electro. Agri. 18, 71–72. doi: 10.1016/S0168-1699(97)00020-3

 Haupt, R. L., and Haupt, S. E. (1998). Practical Genetic Algorithms. New York, NY: John Wiley & Sons.

 Haykin, S. (1999). Neural Networks: A Comprehensive Foundation, 2nd Edn. Upper Saddle River, NJ: Prentice-Hall.

 Hepler, PK. (2005). Calcium: a central regulator of plant growth and development. Plant Cell. 17, 2142–2155. doi: 10.1105/tpc.105.032508

 Hirschi, KD. (2004). The calcium conundrum. Both versatile nutrient and specific signal. Plant Physiol. 136, 2438–2442. doi: 10.1104/pp.104.046490

 Ivanova, M., and Van Staden, J. (2008). Effect of ammonium ions and cytokinins on hyperhydricity and multiplication rate of in vitro regenerated shoots of Aloe polyphylla. Plant Cell Tiss Organ Cult. 92, 227–231. doi: 10.1007/s11240-007-9311-7

 Ivanova, M., and Van Staden, J. (2009). Nitrogen source, concentration, and NH[image: image]:NO[image: image] ratio influence shoot regeneration and hyperhydricity in tissue cultured Aloe polyphylla. Plant Cell Tiss Organ Cult. 99, 167–174. doi: 10.1007/s11240-009-9589-8

 Jain, N., Bairu, M. W., Stirk, W. A., Dolezal, K., and van Staden, J. (2009). The effect of medium, carbon source and explant on regeneration and control of shoot-tip necrosis in Harpagophytum procumbens. S. Afr. J. Bot. 75, 117–121. doi: 10.1016/j.sajb.2008.08.005

 Jansen, M., Booij, H., Schel, J., and de Vries, S. C. (1990). Calcium increases the yield of somatic embryos in carrot embryogenic suspension cultures. Plant Cell Rep. 9, 221–223. doi: 10.1007/BF00232184

 Karp, A. (1992). The effects of plant growth regulators on somaclonal variation in plants regenerated from tissue cultures. Annu. Bull. Br. Soc. Plant Growth Regul. 2, 1–9.

 Kataeva, N. V., Alexandrova, I. G., Butenko, R. G., and Dragavtceva, E. V. (1991). Effect of applied and internal hormones on vitrification and apical necrosis of different plants cultured in vitro. Plant Cell Tissue Organ Cult. 27, 149–154. doi: 10.1007/BF00041283

 Leigh, R. A., and Wyn Jones, R. G. (1984). A hypothesis relating critical potassium concentrations for growth to the distribution and functions of this ion in the plant cell. New Phytol. 97, 1–13. doi: 10.1111/j.1469-8137.1984.tb04103.x

 Letouzé, R., and Daguin, F. (1983). Manifestation spontanée et aléatoire d'une croissance anormale en culture in vitro. Recherche de marqueurs métaboliques. Rev. Can. Biol. Exp. 42, 23–28.

 Lorenzo, H., Cid, M. S., Siverio, J. M., and Caballero, M. (2000). Influence of added ammonium supply on some nutritional aspects in hydroponic rose plants. J. Agric. Sci. 134, 421–425. doi: 10.1017/S0021859699007728

 Lou, W., and Nakai, S. (2001). Artificial neural network-based predictive model for bacterial growth in a simulated medium of modified- atmosphere-packed cooked meat products. J. Agric. Food. Chem. 49, 1799–1804. doi: 10.1021/jf000650m

 Mamaghani, B. A., Ghorbanli, M., Assareh, M. H., and Zare, A. G. (2010). In vitro propagation of three Damask Roses accessions. Iran. J. Plant Physiol. 1, 85–94.

 Martin, K. P., Pachathundkandi, S. K., Zhang, C. L., and Slater, A. (2006). RAPD analysis of a variant of Banana (Musasp.) cv. Grande Naine and its propagation via shoot tip culture. In vitro Cell. Dev. Biol. Plant. 42, 188–192. doi: 10.1079/IVP2005736

 Martin, K. P., Zhang, C-L., Slater, A., and Madasser, YJ. (2007). Control of shoot necrosis and plant death during micropropagation of banana and plantains (Musa spp.). Plant Cell Tissue Organ Cult. 88, 51–59. doi: 10.1007/s11240-006-9177-0

 Matlab. (2010). Matlab R2010a. Version 7.1. Natick, MA: The Math Works Inc.

 Mitra, G. C., Prasad, R. N., and Chowdhary, A. R. (1976). Inorganic salts and differentiation of protocorms in seed callus of an orchid and correlated changes in its free amino acid content. Indian J. Exp. Biol. 14, 350–351.

 Moghri, M., Shamaee, H., Shahrajabian, H., and Ghannadzadeh, A. (2015). The effect of different parameters on mechanical properties of PA-6/clay nanocomposite through genetic algorithm and response surface methods. Int. Nano Lett. 5, 133–140. doi: 10.1007/s40089-015-0146-7

 Murashige, T., and Skoog, F. (1962). A revised medium for rapid growth and bio assays with tobacco tissue cultures. Physiol. Plant. 15, 473–497. doi: 10.1111/j.1399-3054.1962.tb08052.x

 Nazmul Karim, M., Yoshida, T., Rivera, S. L., Saucedo, V. M., Eikens, B., and Oh, G. S. (1997). Global and local neural network models in biotechnology: application to different cultivation processes. J. Ferment. Bioengg. 83, 1–11. doi: 10.1016/S0922-338X(97)87318-7

 Nezami Alanagh, E., Garoosi, GH-A., Hadad, B., Maleki, S., Landin, M., and Gallego, PP. (2014). Design of tissue culture media for efficient Prunus rootstock micropropagation using artificial intelligence models. Plant Cell Tiss Organ Cult. 117, 349–359. doi: 10.1007/s11240-014-0444-1

 Pasqualetto, P. L., Zimmerman, R. H., and Fordman, I. (1988). The influence of cation and gelling agent concentrations on vitrification of apple cultivars in vitro. Plant Cell Tissue Organ Cult. 14, 31–40. doi: 10.1007/BF00029573

 Patnaik, P. R. (1999). Applications of neural networks to recovery of biological products. Biotechnol. Adv. 17, 477–488. doi: 10.1016/S0734-9750(99)00013-0

 Perez-Tornero, O., Egea, J., Olmos, E., and Burgos, L. (2001). Control of hyperhydricity in micropropagated apricot cultivars. In Vitro Cell. Dev. Biol. 37, 250–254. doi: 10.1007/s11627-001-0044-8

 Piagnani, C., Zocchi, G., and Mignani, I. (1996). Influence of Ca2+ and 6-benzyladenine on chestnut (Castanea sative Mill.) in vitro shoot tip necrosis. Plant Sci. 118, 89–95. doi: 10.1016/0168-9452(96)04423-8

 Prasad, V. S. S., and Dutta Gupta, S. (2006). “Applications and potentials of artificial neural networks in plant tissue culture,” in Plant Tissue Culture Engineering, eds S. Dutta Gupta and Y. Ibaraki (Focus on Biotechnology. Berlin: Springer-Verlag), 47–67.

 Preece, J. (1995). Can nutrient salts partially substitute for plant growth regulators? Plant Tiss. Cult. Biotech. 1, 26–37.

 Ramage, C. M., and Williams, R. R. (2002). Mineral nutrition and plant morphogenesis. In Vitro Cell. Dev. Biol. Plant 38, 116–124. doi: 10.1079/IVP2001269

 Reed, B. M., Wada, S., DeNoma, J., and Niedz, R. P. (2013a). Improving in vitro mineral nutrition for diverse pear germplasm. In Vitro Cell. Dev. Biol. Plant 49, 343–355. doi: 10.1007/s11627-013-9504-1

 Reed, B. M., Wada, S., DeNoma, J., and Niedz, R. P. (2013b). Mineral nutrition influences physiological responses of pear in vitro. In Vitro Cell. Dev. Biol. Plant 49, 699–709. doi: 10.1007/s11627-013-9556-2

 Sathyanarayana, B. N., and Blake, J. (1994). “The effect of nitrogen sources and initial pH of the media with or without buffer on in vitro rooting of jackfruit (Artocarpus heterophyllus Lam),” in Physiology Growth and Development of Plants in Culture, eds P. J. Lumsden, J. R. Nicholas, W. J. Davies (Dordrecht: Kluwer), 77–82.

 Sha, L., McCown, B. H., and Peterson, L. A. (1985). Occurrence and cause of shoot-tip necrosis in shoot cultures. J. Am. Soc. Hortic. Sci. 110, 631–634.

 Sedghi, M., Golian, A., Soleimani-Roodi, P., and Ahmadi, A. Aami-Azghadi, M. (2012). Relationship between color and tannin content in sorghum grain: application of image analysis and artificial neural network. Rev. Bras. Cienc. Avic. 14, 57–62. doi: 10.1590/S1516-635X2012000100010

 Shacklock, P. S., Read, N. D., and Trewavas, A. J. (1992). Cytosolic free calcium mediates red light-induced photomorphogenesis. Nature 350, 753–755. doi: 10.1038/358753a0

 Shirdel, M., Motallebi-Azar, A., Masiha, S., Mortazavi, N., Matloobi, M., and Sharafi, Y. (2011). Effects of inorganic nitrogen source and NH[image: image]:NO[image: image] ratio on proliferation of dog rose (Rosa canina). J. Med. Plants Res. 5, 4605–4609.

 Singha, S., Townsend, E. C., and Oberly, G. E. (1990). Relationship between calcium and agar on vitrification and shoot-tip necrosis of quince (Cydonia oblonga Mill.) shoots in vitro. Plant Cell Tiss. Org. Cult. 23, 135–142. doi: 10.1007/BF00035834

 Tahmoorespur, M., and Ahmadi, H. (2012). A neural network model to describe weight gain of sheep from genes polymorphism, birth weight and birth type. Livest Sci. 148, 221–226. doi: 10.1016/j.livsci.2012.06.008

 Tanimoto, S., and Harada, H. (1986). Involvement of calcium in adventitious bud initiation in Torenia stem segments. Plant Cell Physiol. 27, 1–10.

 Thakur, A., and Kanwara, J. S. (2011). Effect of phase of medium, growth regulators and nutrient supplementations on in vitro shoot-tip necrosis in pear. N. Z. J. Crop Hort. Sci. 39, 131–140. doi: 10.1080/01140671.2011.559254

 The MathWorks. (2009). Genetic Algorithm and Direct Search Toolbox User's Guide. Version 2. Natick, MA: The MathWorks Inc.

 Timmers, A. C. J., Reiss, H. D., Bohsung, J., Traxel, K., and Schel, J. H. N. (1996). Localization of calcium during somatic embryogenesis of carrot (Daucus carota L.). Protoplasma 190, 107–118. doi: 10.1007/BF01281199

 Wada, S., Maki, S. H., Niedz, R. P., and Reed, B. M. (2015). Screening genetically diverse pear species for in vitro CaCl2, MgSO4 and KH2PO4requirements. Acta Physiol. Plant. 37, 1–10. doi: 10.1007/s11738-014-1754-y

 Wada, S., Niedz, R. P., DeNoma, J., and Reed, B. M. (2013). Mesos components (CaCl2, MgSO4, KH2PO4) are critical for improving pear micropropagation. In Vitro Cell. Dev. Biol. Plant. 49, 356–365. doi: 10.1007/s11627-013-9508-x

 Wang, H., and van Staden, J. (2001). Establishment of in vitro cultures of tree peonies. S. Afr. J. Bot. 67, 358–361. doi: 10.1016/S0254-6299(15)31141-8

 Zielinska, S., and Kepczynska, E. (2013). Neural modeling of plant tissue cultures: a review. BioTechnologia 94, 253–268. doi: 10.5114/bta.2013.46419

Conflict of Interest Statement: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2016 Jamshidi, Yadollahi, Ahmadi, Arab and Eftekhari. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) or licensor are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/cover.jpg
’ frontiers
in Plant Science

Predicting In vitro Culture Medium
Macro-Nutrients Composition for
Pear Rootstocks Using Regression
Analysis and Neural Network
Models







OPS/images/inline_34.gif






OPS/images/inline_35.gif






OPS/images/inline_33.gif





OPS/images/inline_38.gif





OPS/images/inline_39.gif





OPS/images/inline_36.gif





OPS/images/inline_37.gif





OPS/images/inline_41.gif





OPS/images/inline_4.gif





OPS/images/inline_40.gif





OPS/images/inline_44.gif





OPS/images/inline_45.gif





OPS/images/inline_42.gif





OPS/images/inline_43.gif





OPS/images/inline_48.gif





OPS/images/inline_49.gif





OPS/images/inline_46.gif





OPS/images/inline_47.gif





OPS/images/inline_5.gif





OPS/images/inline_50.gif





OPS/images/inline_18.gif





OPS/images/inline_173.gif





OPS/images/inline_2.gif





OPS/images/inline_19.gif





OPS/images/inline_172.gif





OPS/images/inline_171.gif





OPS/images/inline_21.gif





OPS/images/inline_20.gif





OPS/images/inline_23.gif





OPS/images/inline_22.gif





OPS/images/crossmark.jpg
®

o fark





OPS/images/inline_164.gif





OPS/images/inline_163.gif





OPS/images/inline_166.gif





OPS/images/inline_165.gif





OPS/images/inline_162.gif





OPS/images/inline_170.gif





OPS/images/inline_168.gif





OPS/images/inline_167.gif





OPS/images/inline_17.gif





OPS/images/inline_169.gif





OPS/images/inline_24.gif





OPS/images/inline_25.gif





OPS/images/inline_28.gif





OPS/images/inline_29.gif





OPS/images/inline_26.gif





OPS/images/inline_27.gif





OPS/images/inline_31.gif





OPS/images/inline_32.gif





OPS/images/inline_3.gif





OPS/images/inline_30.gif





OPS/images/inline_154.gif





OPS/images/inline_153.gif





OPS/images/inline_156.gif





OPS/images/inline_155.gif





OPS/images/inline_161.gif





OPS/images/inline_160.gif





OPS/images/inline_158.gif





OPS/images/inline_157.gif





OPS/images/inline_16.gif





OPS/images/inline_159.gif





OPS/images/inline_144.gif





OPS/images/inline_146.gif





OPS/images/inline_145.gif





OPS/images/inline_151.gif





OPS/images/inline_150.gif





OPS/images/inline_152.gif





OPS/images/inline_148.gif





OPS/images/inline_147.gif





OPS/images/inline_15.gif





OPS/images/inline_149.gif





OPS/images/inline_136.gif





OPS/images/inline_135.gif





OPS/images/inline_141.gif





OPS/images/inline_140.gif





OPS/images/inline_143.gif





OPS/images/inline_142.gif





OPS/images/inline_138.gif





OPS/images/inline_137.gif





OPS/images/inline_14.gif





OPS/images/inline_139.gif





OPS/images/inline_134.gif





OPS/images/inline_126.gif





OPS/images/inline_131.gif





OPS/images/inline_130.gif





OPS/images/inline_133.gif





OPS/images/inline_132.gif





OPS/images/inline_128.gif





OPS/images/inline_127.gif





OPS/images/inline_13.gif





OPS/images/inline_129.gif





OPS/images/inline_125.gif





OPS/images/inline_124.gif





OPS/images/inline_121.gif





OPS/images/inline_120.gif





OPS/images/inline_123.gif





OPS/images/inline_122.gif





OPS/images/inline_118.gif





OPS/images/inline_117.gif





OPS/images/inline_12.gif





OPS/images/inline_119.gif





OPS/images/inline_115.gif





OPS/images/inline_114.gif





OPS/images/inline_116.gif





OPS/images/inline_111.gif





OPS/images/inline_110.gif





OPS/images/inline_113.gif





OPS/images/inline_112.gif





OPS/images/inline_108.gif





OPS/images/inline_11.gif





OPS/images/inline_109.gif





OPS/images/inline_105.gif





OPS/images/inline_104.gif





OPS/images/inline_107.gif





OPS/images/inline_106.gif





OPS/images/inline_101.gif





OPS/images/inline_100.gif





OPS/images/inline_103.gif





OPS/images/inline_102.gif





OPS/images/inline_88.gif





OPS/images/inline_10.gif





OPS/images/inline_1.gif





OPS/images/inline_90.gif





OPS/images/inline_91.gif





OPS/images/inline_89.gif





OPS/images/inline_9.gif





OPS/images/inline_94.gif





OPS/images/inline_95.gif





OPS/images/inline_92.gif





OPS/images/inline_93.gif





OPS/images/inline_96.gif





OPS/images/fpls-07-00274-t004a.jpg
Measured factor ~ Variable?  Parameter estimation  Standard error

OLIFt

\TION.

Intercept 16.00 066
NOg 0.40 012
NH -052 012
Ca?+ -4.36 028
K+ -061 013
PO3~ 094 020
o 459 025

R2 056

RMSE 188

MBE 1.41

s
Intercept 208 013
NOy 003 000
NH; 006 001
Mg+ 037 005
o 010 002

R2 0.46

RMSE 064

MBE 0.49

s
Intercept -29.69 1.10
NOg 250 019
NH; 272 019
Ca2* 14.20 043

K+ 2.86 020





OPS/images/fpls-07-00274-t005.jpg
item Input variable [lon concentrations (mM)] Predicted output variable at optimal point

NOy NH} ca} K+ Mg2+ PO~ 03~ o

OHELLL
PR 625 57 27 315 33 26 56 35 73
s 8.1 4238 63 w0 23 22 46 49 55
STN 133 123 55 28 24 16 13 25 o
chl 544 168 53 123 2 21 33 18 0
viti 489 39 48 94 2.1 2.1 7.1 49 4
PR 256 131 55 3.7 15 2.1 36 3 11.4
s 8.5 a5 42 259 32 27 12 52 504
sTN 209 22 35 281 21 13 27 6.1 02
chl 548 147 25 4.1 o7 28 09 67 o

vitri 245 66 6.1 188 23 18 a1 12 o






OPS/images/fpls-07-00274-t002a.jpg
Run Levels of factors used in each trial"

KNO3 NH4NO3 CaCly MgsO, KHzPO4
1 125 125 125 125 1.25
2 125 125 125 125 175
3 125 125 125 125 225
4 125 175 175 175 1.25
5 125 175 175 175 175
6 125 175 175 175 225
7 125 225 225 225 1.25
8 125 225 225 225 175
9 125 225 225 225 225
10 175 125 175 225 1.25
1" 175 125 175 225 175
12 175 125 175 225 225
18 175 175 225 125 1.25
14 175 175 225 125 175
15 175 175 226 125 225
16 176 225 125 175 1.25
17 175 225 125 175 175
18 175 225 125 175 225
19 225 125 225 175 1.25

20 225 125 225 1.75 1.75





OPS/images/fpls-07-00274-t003a.jpg
Measured factor ~ Variable®  Parameter estimation  Standard error

Interoept! 355 0.19
NHE -0.08 000
MgZ* 099 007
s0%” -0.16 005

A2 039

RMSE 1.02

MBE 0.13
Intercept 116 026
NOg 035 005
NHZ -0.28 005
Ca?+ 007 003
K 033 005
Mg+ 090 006
POZ™ 035 008
o 035 005

R2 044

RMSE 079

MBE 004

s
Intercept -24.18 235
NOG 078 005
K [kl 008
Mg+ 1453 086
s0%” 518 052

o 301 031





OPS/images/fpls-07-00274-t008.jpg
Element

vitri
Rank

NO7

905

62

168
5
351
1

+
NH]

301.7
1
64
1
152
6
19.1
4
303
2

cajf

127.9
6
284
3
226
3
159
6
223
3

VsR?

K+

197.5
2
325
2
196
4
404
1
12.4
4

Mg2*

150.4
3
17.8
4
17.1
5
57
8
1.6
5

2-
PO}

185
8
27
7
102
7
94
7
8.1
6

19
8

o~

13

146

248

373

2

39
7

*Relative indication of the ratio between the variable sensitvty error and the error of the
rooncki mbar el varkides oom vt





OPS/images/fpls-07-00274-t006.jpg
Rootstock  Statistics1 Number of shoots sL STN chl Vitri

OHF Training  Testing  Training  Testing  Training  Testing  Training  Testing  Training Testing

R? 095 094 083
RMSE 032 029
-0.025

094 097
308
-0.075

097

R 097 095 087 085 096 096 091 0.92 098 096
RMSE 051 067 032 034 182 172 139 1.48 1.46 150
MBE 0.00007 -0.05 0.0004 0,006 0.0002 0203 -0.0003 o1 -0.0002 027






OPS/images/fpls-07-00274-t007.jpg
Element

STN
Rank
cnl
Rank
Vit
Rank

NO3
207
71
9.1
912

497
2

NH;
126

107
1
8
3
3176
1
796
1

+
caj

237
1
77
3
85
2
50.1
7
146
5

K+
65
35
56

909

5

259
3

VSR®

Mg2+
74
79
53

99.2
3

79
8

2—
Po3%

18

19
718

13
7

2
s0%

32
7
59
6
29
7
204
8
155
4

“Refative indication of the ratio between the variable sensitty error and the error of the
modkd mber el varkiles ot





OPS/images/fpls-07-00274-g001.gif
—

T

vt G s (o) focion

o,
e g aneren

e e————

4
e
:
st s s o
T

T

T —
T

[ e——

T

| |

[O—






OPS/images/inline_97.gif





OPS/images/fpls-07-00274-t001a.jpg
Rootstock

OHF

PPYRODWARF

Culture medium

® N o0 N o

1
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
MS
a.
WPM

EXRC RSN

NO3

49.27
49.27
49.27
59.58
59.58
59.58
69.9
69.9
69.9
58,66
58,66
58,66
68.97
68.97
68.97
79.29
79.29
79.29
68.06
68.06
68.06
7837
78.37
7837
88.69
88.69
88,69
39.41
27.88
971

49.27
49.27
49.27
59.58
59.58
59.58

NHZ

2578
25.78
25.78
36.09
36.09
36.09
46.41
46.41
46.41
25.78
25.78
25.78
36.09
36.09
3609
46.41
46.41
46.41
25.78
25.78
25.78
36.09
36.00
36.09
46.41
46.41
46.41
2062

25.78
25.78
25.78
36.09
36.09
36.09

Ca2+

374
374
374
524
524
524
674
674
674
524
524
524
674
674
674
374
374
374
674
674
674
374
374
374
524
524
524
299
254
301

374
374
374
524
524
524

fon Composition (mM)

K+

2506
2567

263
25.06
2567

263
2506
25.67

263
34.44
35.06
35,69
34.44
3506
35.69
34.44
35.06
35.69
4384
44.46
45.09
43.84
44.46
45.09
43.84
44.46
45.00
2004
19.79

693

25.06
2567
263
2506
25.67
263

Mg+

187
187
187
263
263
263
338
338
338
338
338
338
1.87
187
187
263
263
2.63
263
263
263
338
3.38
338
187
187
187
15
orn
15

187
187
187
263
263
263

2
POZ

156
2.18
281
156
2.18
281
156
2.18
281
156
2.18
281
156
2.18
281
156
2.18
281
156
2.18
281
156
2.18
281
156
2.18
281
125
198
125

156
2.18
281
156
2.18
281

2
s02

211
2141
211
2.87
2.87
2.87
3.62
3.62
3.62
3.62
3.62
3.62
211
211
211
2.87
2.87
2.87
2.87
2.87
2.87
3.62
3.62
3.62
211
211
211
174
095
7.42

211
211
211
2.87
2.87
287

cr-

374
3.74
374
5.24
5.24
5.24
674
674
674
5.24
524
5.24
674
6.74
674
3.74
374
374
674
674
6.74
374
3.74
374
5.24
524
5.24
299

0.65

374
374
374
5.24
5.24
524

PR

364
3.25
321
274
243
2,06
1.60
2,60
233
379
562
7.38
374
351
2.42
223
285
3.76
326
267
3.12
370
3.47
1,64
1.34
1.00
1.08
3.49
3.48
258

1128
1121
1091
973
9.47
821

SL (em)

2581
2.97
2.99
338
357
403
455
3.47
369
2.47
151
107
2564
2584
367
378
3.7
253
2.96
3.46
308
2557
271
456
503
5.41
531
276
273
352

3.43
331
338
374
413
435

STN

125
125
238
3.63
175
050
1.00
163
575
7.13
888
10.00
14.00

2025

2088
788
725
725
463

11.00

30.75

40.75

19.63

50.50

55,50

68.13
13.75
3.00
6.13

0.17
050
050
1533
1867
18.67

Chlo

075
150
050
088

263
113
113
1.00
775
113
970
5.63
7.63
7.18
9.00
1038
12.00
1425
1388
1425
16.13
19.00
2300
1350
7.00
1213

0.83
150
0.00

cococococoooocooo

563
6.13
950
1150
1538
19.38
775

1.00
138
263
575
11.00
438
463
11.00
363
1250
550

1.00
0.17
1.00





OPS/images/inline_98.gif





OPS/images/fpls-07-00274-t002b.jpg
21 225

22 225
23 225
24 225
25 225
26 225
27 225

125
175
175
175
225
225
225

225
126
125
126
175
175
175

1.75
225
2.5
225
125
125
125

“The numbers are coefficients to product to the amounts in Table 1.

225
1.25
1.75
225
1.25
1.75
225





OPS/images/fpls-07-00274-t003b.jpg
R? 0.67

RMSE 10.22

MBE 005
Intercept 7805 1497
NO; 313.82 64.45
NH -313.17 64.46
Ca?+ -622.62 128.76
K+ 812,71 64.46
Mg+ -318.56 64.46
POZ™ 312,10 6438
s03™ 314.43 64.44
o 621.96 12875

R2 072

RMSE 353

MBE 039

wImRC
Intercept -4.64 0.97
NO; 027 001
Mg?* -4.85 031
POZ~ 143 030
803~ 283 0.19
- -1.50 0.1

A2 054

RMSE 367

MBE -0.15

“Signiicant variable entered in the model. Al variables left i the model are significant
o < 0.05).





OPS/images/inline_99.gif





OPS/images/fpls-07-00274-t001b.jpg
7
8
9
10
"
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
Ms
aL
WPM

Only ions with different concentration among media have been included.

69.9
69.9
69.9
58,66
58,66
5866
68.97
68.97
68.97
79.29
79.29
7929
68.06
68.06
68.06
78.37
78.37
78.37
88.69
88.69
88.69
39.41
27.88
971

46.41
46.41
26.41
2578
2578
2578
36.09
36.00
36.09
46.41
46.41
46.41
25.78
2578
2578
36,09
36,00
36,00
46.41
46.41
46.41
20,62
5
5

6.74
674
674
524
524
524
674
674
674
374
374
374
6.74
6.74
674
374
374
374
524
524
524
299
254
301

25.06
2567
263
34.44
3506
35.69
34.44
35.06
35.69
34.44
35.06
35.69
43.84
44.46
45.09
43.84
44.46
45.09
4384
44.46
45.09
20,04
19.79
693

338
338
338
338
338
338
187
187
1.87
263
263
263
2.
2.63
2,63
3.38
3.38
3.38
187
187
187
15
071
15

156
2.18
281

156
2.18
281

156
2.18
281

156
2.18
281

156
2.18
281
156
2.18
281
156
2.18
281
125
198
126

3.62
3.62
3.62
3.62
3.62
3.62
2141

211

211

2.87
2.87
2.87
2.87
2587
2587
3.62
362
3.62
211
211
211
174
095
7.42

6.74
6.74
674
5.24
5.24
524
6.74
674
6.74
374
374
374
674
6.74
674
374
374
374
524
524
524
299

065

6.99
6.64
6.02
459
473
462
492
4.49
453
3.65
3.47
373
631
7.16
6.05
3.93
388
356
231
152
1.05
fehed
3.08
223

483
526
509
3.47
327
299
3.49
275
3.39
363
412
5.07

490

347

347

3.08

3.07

434

401

249

329

329

247

201

2047
2067
2183
1150
1183
1267
27.33
26,50
26,47
9.67
1050
1233
25.00
25.57
26,33
12.00
1347
15.83
20,67
22.50
2217
050
12.50
233

233
0.83
0.00
250
1050

750
350
150
19.33
1250
6.33
083
3.7
083
367
0.50
117
7.00
12.00
867
733
583

5.33
583
867
333
147
367
3.83
6.17
6.33
10.83
1333
1350
450
583
350
850
1047
1150
2167
26.00

7.33
050
050





OPS/images/fpls-07-00274-t004b.jpg
Mg2+ -0.87 023

PO3~ 201 031
o -9.05 040

R2 0.89

RMSE 201

MBE 238

CUE
Intercept 2.60 1147
NO; 0.13 0.02
Mg2+ 239 043
803~ 102 026
o 084 016

R2 017

RMSE 448

MBE 348

TR
Intercept -12.83 096
NOg 052 001
Mg+ -6.13 036
03~ 246 022
o -120 013

R 077

RMSE 369

MBE 288

2Signifcant variable entered in the model. All variables let i the model are significant
© < 0.05).





OPS/images/inline_70.gif





OPS/images/inline_71.gif





OPS/images/inline_7.gif





OPS/images/inline_74.gif





OPS/images/inline_75.gif





OPS/images/inline_72.gif





OPS/images/inline_73.gif





OPS/images/inline_78.gif





OPS/images/logo.jpg
, frontiers
in Plant Science





OPS/images/inline_76.gif





OPS/images/inline_77.gif





OPS/images/inline_80.gif





OPS/images/inline_81.gif





OPS/images/inline_79.gif





OPS/images/inline_8.gif





OPS/images/inline_84.gif





OPS/images/inline_85.gif





OPS/images/inline_82.gif





OPS/images/inline_83.gif





OPS/images/inline_86.gif





OPS/images/inline_87.gif





OPS/images/inline_51.gif





OPS/images/inline_54.gif





OPS/images/inline_55.gif





OPS/images/inline_52.gif





OPS/images/inline_53.gif





OPS/images/inline_58.gif





OPS/images/inline_59.gif





OPS/images/inline_56.gif





OPS/images/inline_57.gif





OPS/images/inline_6.gif





OPS/images/inline_60.gif





OPS/images/inline_61.gif





OPS/images/inline_64.gif





OPS/images/inline_65.gif





OPS/images/inline_62.gif





OPS/images/inline_63.gif





OPS/images/inline_68.gif





OPS/images/inline_69.gif





OPS/images/inline_66.gif





OPS/images/inline_67.gif





